Objectives: Over recent years, constraint-based modelling of metabolic networks has become increasingly popular; the models are suitable for system-level modelling of cell physiology. The goal of the present work was to reconstruct a constraint-based metabolic network model of bone marrow-derived mesenchymal stem cells (BMMSCs). Materials and methods: To reconstruct a BMMSCspecific metabolic model, transcriptomic data of BMMSCs, and additionally, the human generic metabolic network model (Recon1) were used. Then, using the mCADRE algorithm, a draft metabolic network was reconstructed. Literature and proteomic data were subsequently used to refine and improve the draft. From this, iMSC1255 was derived to be the metabolic network model of BMMSCs. Results: iMSC1255 has 1255 genes, 1850 metabolites and 2288 reactions. After including additional constraints based on previously reported experimental results, our model successfully predicted BMMSC growth rate and metabolic phenotypes. Conclusions: Here, iMSC1255 is introduced to be the metabolic network model of bone marrowderived mesenchymal stem cells. Based on current knowledge, this is the first report on genome-scale reconstruction and validation of a stem cell metabolic network model.
Introduction

Mesenchymal stem cells
Mesenchymal stem cells (MSCs) are multipotent cells capable of differentiating into multiple cell types, including osteocytes, chondrocytes, adipocytes, myocytes and even non-mesenchymal cells such as hepatocytes (1) . They also have immune-regulatory roles (2) , for example, they do not greatly stimulate host immune systems in autologous or even allogenic cell transplantations (3) . MSCs can be isolated from different tissues, including bone marrow and adipose tissue (4) and these features have made them good candidates for tissue engineering and regenerative medicine (5, 6) . Furthermore, MSCs do not express HLA type 2 and they cannot stimulate T cells (7) ; additionally, they are easy to manipulate genetically (8) . Thus, they can be used as gene and protein carriers in gene therapy (9, 10) .
As a result of diverse applications of MSCs in (bio) medical and stem cell studies (11) , understanding systems biology of these cells can be of great importance (12) . Consequently, a reliable metabolic network model of MSCs can help in understanding physiological, metabolic and growth behaviour of these cells.
Metabolic network reconstruction and its applications
Reactions, metabolites and enzymes (which are controlled by metabolic genes), are responsible for managing the metabolism of cells (13) . Constraint-based reconstruction and analysis of metabolic networks is a mathematical approach to provide in silico models of cell metabolism by considering gene-protein-reaction relationships (14) (15) (16) .
Historically, classic small-scale metabolic network models have been reconstructed, by collecting the main metabolic reactions and pathways of a specific cell type [see (17) (18) (19) ]. On the other hand, with the availability of 'omics' data over the past 15 years, hundreds of genome-scale metabolic network models have been reconstructed (20, 21) ; these typically include hundreds to thousands of reactions, metabolites and genes (22) .
In systems biology studies, metabolic network reconstruction and analysis has enabled constitution of a virtual 'in silico laboratory' where computational analysis of cell metabolism can be performed faster and cheaper compared to 'wet lab' analyses. Various computational methods on hundreds of genome-scale metabolic models have provided a broad spectrum of applications in cell biology (23) . For instance, metabolic models have been used in drug targeting (24) and in studying cancer (25, 26) . Assessing the consequences of regulation and/or mutation of a desired phenotype is a further application of metabolic network analysis (27) .
Recon1 (28) is a generic genome-scale metabolic network of human cells that has been frequently used for modelling human metabolism. For example, by constraint-based analysis of fluxes in Recon1, some drug targets for hypercholesterolaemia and reactions involved in haemolytic anaemia have successfully been recognized (28) . In a further study, biomarkers of human inborn errors of metabolism have been predicted using Recon1 (29) , and the results have been shown to be in agreement with known mutations.
However, the generic metabolic network of human cells has limited applications, although many studies, use cell-and tissue-specific metabolic network models for accurate prediction of metabolism in different human tissues (30) (31) (32) .
In the present work, using transcriptome and proteome data of bone marrow-derived mesenchymal stem cell (BMMSC), a constraint-based metabolic network model for these cells was reconstructed. The model was further validated using experimental data available in the literature to which it acquired a good level of consistency. Thus, this model is recommended for use in systems biology studies. In the light of current knowledge, this work is the first report on genome-scale reconstruction and validation of a stem cell metabolic network model.
Materials and methods
Data sets
To determine genes expressed in BMMSCs, transcriptome data were used from the Gene Expression Omnibus database (33) . The selected five data series are as follows:
• GSE37470 data series (34) : This includes microarray data of two normal early passage BMMSC samples, GSM920586 and GSM920587, which are used for network reconstruction. Four other cell types (later passage BMMSCs and BMMSCs of large granular lymphocyte leukaemia patients) were NOT used in our work;
• GSE7637 data series (35) : This includes microarray data of three early passage BMMSC samples, GSM184636, GSM184637 and GSM184638, while data of other cell types (later passages) were NOT used in our work;
• GSE7888 data series (35) : Similar to the previous data series, this includes microarray data of three early passage BMMSC samples, GSM194075, GSM194076, GSM194077, GSM194078 and GSM194079. The data of other cells (later passages) were NOT used in our work;
• GSE30807 data series (36) : This includes microarray data of a normal early passage BMMSC sample, GSM764199, which IS used in this work. The data of other cell types (osteosarcoma U2OS cells) were NOT used here;
• GSE32171 data series (37): This includes three early passage BMMSC samples, GSM797497, GSM797498 and GSM797499, which ARE used in the present study. The data of other type s (human MSCs in cardiomyocyte co-culture) were NOT used.
It should be noted that all these data series are based on Affymetrix Human Genome U133 Plus 2.0 Array platform. Using this platform, one obtains gene expression data of the sample, which was used directly by the network reconstruction algorithm (see below).
In the present study, a top-down strategy was used to reconstruct a cell-specific metabolic network; the generic model of human metabolism, Recon1 (28) , was used in the first step. Then, those reactions of Recon1 (for which gene expression evidence exists), were chosen for inclusion in the initial draft of the BMMSC metabolic network (see below). For model refinement, a comprehensive proteome data of BMMSCs (38) was used, which includes 1676 proteins present both in BMMSCs and umbilical cord vein-derived MSCs.
Finally, cells of the A549 line, adipose tissue, blood and bone marrow, foetal cartilage, skeletal muscle and neutrophil metabolic network models [from (39) ] were used for comparison with our model. Figure 1 represents a general overview of the framework used in this work. As mentioned above, to reconstruct a human cell-specific draft metabolic network, the topdown approach was used. This approach is based on pruning (reducing) a generic human metabolic network (like Recon1). Using this method, inactive reactions are recognized and 'removed' from the initial model, according to the omics data of the cell type or tissue. In the present work, the mCADRE algorithm was used for this purpose (39) . Briefly, the first step of mCADRE algorithm is scoring genes of the generic model according to their presence in the transcriptome data. These scores were attributed to reactions, using gene-proteinreaction relations of the initial model. Furthermore, topology of the metabolic network is taken into account to update reaction scores. Finally, reactions with scores below a certain threshold were removed to complete reconstruction of the (initial draft) cell-specific metabolic network.
Reconstruction of the metabolic network model
The initial draft of cell-specific metabolic network, that is, output of mCADRE algorithm, can be improved in a model refinement step; here, we used the literature and also BMMSC proteome data for this purpose. Subsequently, we obtained the final draft of the BMMSC metabolic network model. Using experimental data of BMMSC, this final draft was further constrained, then validated (see below).
Mathematical concepts used for modelling
Over recent years, constraint-based modelling of metabolic networks has become increasingly popular for system-level modelling of cell physiology (40) (41) (42) . In this modelling framework, metabolic fluxes are analysed subject to a number of constraints, including stoichiometric and reversibility constraints. Metabolic flux through reaction i is the rate of transforming reactants to products of i per gram of cell dry weight. In a real metabolic network, range of possible fluxes of each reaction is limited by physical and biochemical constraints. Some examples are:
Stoichiometric constraints. As changes in concentration of intracellular metabolites are much slower than of extracellular ones, the living cell can be considered to be under steady-state conditions (42) . Considering a . Schematic representation of the method used for BMMSC metabolic network reconstruction, refinement and validation. The first step, using mCADRE algorithm, the human generic metabolic network (Recon1) was pruned based on transcriptome data of BMMSC. Thus, unused reactions of Recon1, inactive in the mesenchymal stem cell, were removed. Consequently, an initial draft metabolic network was achieved. Then, the draft was refined and improved using the knowledge on the BMMSCs. The final metabolic network model of BMMSC was called iMSC1255. Fluxes in this network were then constrained using experimental data of BMMSC. Finally, the metabolic network, iMSC1255, was used for modelling metabolic phenotypes, which were validated by experimentally reported data. In summary, 14 transcriptome microarray data samples (from five data series) were used as the input of mCADRE algorithm. Then, the proteome data, together with some literature data, were used in the refinement step to achieve the final draft. The experimental data of consumption/production fluxes of the main metabolites were used for expanding the set of exchange reaction and for adding constraints to obtain the iMSC1255 model. Finally, by comparing computational results with experimental data of changes in concentrations of amino acids, iMSC1255 was validated.
metabolic network with m metabolites and n reactions, the stoichiometric matrix, S, is an m 9 n matrix. In this matrix, S ij represents the stoichiometric coefficient of metabolite i in reaction j. It can be shown that, assuming vector v as an n-dimensional vector of the reaction fluxes, the metabolic network is in a steadystate if:
This constraint, usually referred to as the stoichiometric constraint, limits flux space according to mass balance law.
Thermodynamic constraints. Some reactions are known to be irreversible. Thermodynamic constraints limit flux of a reaction, say reaction i, to be always non-negative:
Capacity constraints. Sometimes, for a certain reaction, say i, lower bound and upper bound of the flux (minimum and maximum value that can be taken by the flux) can be determined experimentally or theoretically. Such a constraint, in the general form, can be shown as:
Equations 1-3 constrain fluxes that can pass through reactions of a metabolic network, but exact flux of the reactions cannot be determined. However, assuming that a cell is achieving an objective, one can find a flux distribution that satisfies the optimality criterion. Linear programming helps calculating flux distribution, v, that maximizes an objective function, c T v, where c is a vector of constant coefficients. Linear programming formulation of the problem, which is usually called flux balance analysis (FBA) (43) , can be summarized as:
Subject to:
Solution of the above linear programme is flux distribution, say f, which satisfies the above-mentioned constraints. Maximum value of the objective function, Z obj , is equal to c T f. Typically, it is assumed that biomass production rate is the objective function of FBA, which means that c T v = v biomass . In case of stem cells, proliferation occurs before differentiation. Thus, in this study, biomass production flux was a good choice for the objective function in FBA.
Computational analyses
COBRA toolbox (44) was used for constraint-based analysis of metabolic networks. This has many useful functions, such as OptimizeCbModel for performing FBA (see above). Another related COBRA toolbox function, dynamicFBA, incorporates time into FBA, that is, it sequentially performs FBA within a certain time point and updates metabolite concentrations accordingly (45) . Thus, using this function one can simulate dynamics of cell metabolism during growth. This function uses initial values of biomass, concentrations of cell culture medium components and duration of modelling as input. Changes in amount of biomass and concentration of external metabolites as a function of time are computed as the output.
As mentioned above, output of OptimizeCbModel function comprises flux distribution of the metabolic network which optimizes the objective function. A further function in the COBRA toolbox, enumerateOptimalSolutions, finds all 'extreme' alternative flux distributions which optimize the objective function (46) . In other words, this function helps in assessing state of all fluxes in a metabolic network, while the objective function has its optimal value.
Dead-end metabolites are those of a metabolic network which are either produced only or consumed only (47) . Such metabolites highlight places of missing reactions. In the model refinement step, we found dead-endrelated reactions of Recon1. If activity of each reaction was confirmed by transcriptome information, we manually added that reaction to the network model. For this purpose, the addReaction function of COBRA toolbox was used.
In silico culture medium
To model experimental cell culture conditions, an in silico culture medium was defined for the metabolic network model. More technically, only exchange fluxes of oxygen and components of the medium were allowed to be negative. Lower bounds of other exchange fluxes were set to zero. In this way, only oxygen and metabolites of the culture medium can be consumed by the cell model. Additionally, range of each negative exchange flux (uptake reaction) is defined according to concentration of each component in the culture medium. The in silico culture medium of BMMSC was defined using concentrations of a-MEM components (Table S1) , similar to previous studies (25) . That is, lower bounds of exchange fluxes were set to À0.05 for amino acids, À0.005 for vitamins, À5 for glucose, À0.7 for glutamine and À1000 for oxygen, H 2 O, H + , sulphate, pyruvate, bicarbonate, phosphate, chloride, sodium, calcium and potassium (in mmol/grDW/h units).
For in vitro experiments concerning stem cell growth, it is common to supplement cell culture medium by adding 10-15% foetal bovine serum (FBS) to it. Consequently, exchange fluxes of some of the main FBS components can become negative (Table S2) . Therefore, lower bounds of exchange fluxes of urea, linoleic acid, cholesterol and triiodotyronine were set to À0.005 mmol/grDW/h.
Results
Reconstructing the metabolic network model
The goal of the present work was to model metabolism of BMMSC using a constraint-based approach. For this purpose, an 'initial draft' metabolic network model was reconstructed using mCADRE algorithm based on transcriptome data of the MSCs (Fig. 1) .
The initial draft metabolic network had 1061 genes, 1817 reactions and 1344 metabolites (Fig. 2) . This initial draft was improved over several consecutive steps to obtain the final model. First, according to the proteome data, we found the genes that need to be present in the BMMSC metabolic model (but not added to the model by mCADRE based on transcriptome data). Consequently, 38 new genes (encoding 98 new enzymatic reactions) were added to the initial draft. In the latter step, 165 new metabolites had been added to the network. Then, to remove dead end metabolites, we found reactions of Recon1 involving at least one of the newly added metabolites in the previous step. From these 887 reactions, 324 were confirmed based on the transcriptome data, but were absent in the initial draft network. These reactions (together with their associated genes and metabolites) were added to the initial draft model. Therefore, the 'final draft' included 2239 (i.e. 1817 + 98 + 324) reactions (Fig. 2) .
Finally, the exchange reaction for each component of the culture medium (a-MEM) was checked to be present in the draft. In this step, uptake reactions of some medium components (such as ascorbic acid and lipoate), together with their consumption metabolic pathways, were manually added to the metabolic model. Then, an in silico culture medium was defined for the draft, according to a-MEM components (see Table S1 ).
Similar to other constraint-based models of metabolism (25, 48, 49) , a previously-reported biomass production reaction (50) was added to our metabolic network. Flux through this reaction can be understood as a proxy for rate of growth and proliferation.
Following the above-mentioned steps, a metabolic network model of BMMSC was constructed, which will be hereafter called iMSC1255. The model has 1255 genes, 1850 metabolites and 2288 reactions (Fig. 2) ; this is available in SBML format in the File S3. The importance of this model is that it is the first reported genome-scale metabolic network model of stem cells.
To compare iMSC1255 with other metabolic network models, three tissue specific metabolic models ('adipose', 'blood' and 'bone marrow') were chosen. Adipose, bone marrow, and also peripheral blood, are the main sources for isolating MSCs (51) . Thus, we needed to show that our BMMSC metabolic network model was not included in metabolic networks of these tissues. These networks had been reconstructed using mCADRE algorithm (39) (available from: http:// www.biomedcentral.com/content/supplementary/1752-0509-6-153-s2.zip). Number of genes of the BMMSC metabolic network model was compared to numbers of genes in the above-mentioned models (Fig. 3) . Based on this analysis, 89.5% (respectively 90.9%) of the genes of the bone marrow metabolic network were also present in the adipose (respectively blood) metabolic network. On the other hand, only 60.5% of the genes of iMSC1255 were also found in the adipose metabolic model, while this number drops to 58.9% and 55.9% for blood and bone marrow metabolic models respectively.
In a further analysis, we aimed to understand the relationship between each of the four (reduced) Figure 2 . Venn diagram representing evolution of metabolic model of BMMSC during the reconstruction procedure. The first step, mCADRE algorithm reconstructed an initial draft, which included 1061 genes, 1817 reactions and 1344 metabolites. After improving the initial draft by using proteomics data, a final draft was obtained, which included 1255 genes, 2239 reactions and 1837 metabolites. Finally, by manual curation and searching in the literature, we improved the model to obtain iMSC1255. This final metabolic network model includes 1255 genes, 2288 reactions and 1850 metabolites.
tissue-specific models and the (original) generic model, Recon1. For this analysis, reactions of Recon1 were categorized into seven different functional categories (Fig. 4) , according to their metabolic subsystems. The complete list of reaction subsystems and the seven categories are included in Table S4 . Figure 4 shows percentages of reactions of Recon1 used in the metabolic models of BMMSC, adipose tissue, bone marrow and blood. In all groups, especially in the case of carbohydrate metabolism, iMSC1255 included more reactions compared to other models.
We repeated the iMSC1255 comparison with four other metabolic network models (cells of the A549 line, foetal cartilage, skeletal muscle and neutrophil metabolic networks). Results were qualitatively the same as those of three previously mentioned tissues (see File S7).
Constraining the metabolic network model
To determine culture medium constraints imposed on cells, experimental data from the literature were used. These data are as follows:
Amino acids exchange fluxes. Amino acid exchange fluxes of BMMSC have previously been reported in static and dynamic cultures (52) (see Table S6 ). In our study, using these observed fluxes for each amino acid exchange reaction, we determined a lower bound and an upper bound. From the biological data, we estimated standard deviations to be in the region of 13% of observed values. Therefore, lower and upper bounds of the fluxes were extended by 13% from each side. Lower and upper bounds, used in our simulations, are shown in Table 1 .
Glucose, lactate, ammonia and oxygen exchange fluxes. Transport rates of glucose, oxygen, lactate and ammonium can greatly influence metabolism. Experimentally measured fluxes of these reactions in BMMSC cultures (Table 2) were found from the literature.
We decided to apply constraints on transport reactions in a way that all reported experimental data lie within the allowable range. Accordingly, bounds of exchange fluxes were set as shown in Table 3 (see  Table S6 for conversion of measurement units). 
Modelling BMMSC population growth rate
We used FBA for simulating cell population growth rate. By constraining transport fluxes of iMSC1255 (see above) and performing FBA, maximum biomass production rate was found to be 0.034 mmol/grDW/h. Bone marrow-derived mesenchymal stem cell growth rate is largely dependent on cell culture conditions, including culture medium composition and its changes over culture time, seeding method, number of cells used for seeding and incubation situations. Moreover, cell population growth rate depends on individual features of the donor (age, gender and genetics). To the best of our knowledge, maximum reported in vitro BMMSC population growth rate is 0.027 h À1 (53) . Routinely, in the metabolic network analysis literature, each gram of cell dry weight (grDW) is assumed to be equivalent to one millimole of 'hypothetical biomass metabolite'. Therefore, optimal in silico specific growth rate is equal to: 0.034 mmol/grDW/ h 9 1 grDW/mmol = 0.034 h
À1
Hence, maximum in silico growth rate (0.034 h À1 ) is very close to maximum experimental growth rate (0.027 h À1 ).
Amino acid consumption and production: in vitro versus in silico trends
To further assess the predictive power of iMSC1255, we examined dynamics of amino acid metabolism in silico; for this purpose, a dynamic FBA approach was used.
For initial values in this analysis, we used cell culture composition and initial amount of biomass in static and dynamic cultures, based on the experimental values previously reported (52) . Dynamic FBA modelling was run until the amount of in silico biomass became equal to the amount of experimentally observed end-point biomass (<50 h for dynamic culture and <100 h for static culture). Note that as the in silico growth rate was more than the in vitro growth rate, time required for production of a certain amount of biomass in silico is less than the required time in vitro. Figure 5 summarizes simulation results for production or consumption of 20 amino acids, together with the experimental data reported in (52) .
Based on Figure 5 , one can observe that in the case of most amino acids, good consistency exists between experimental data and computational results. This finding implies that, as an in silico modelling approach, dynamic FBA of iMSC1255 successfully predicted trends of amino acid concentration changes.
For some amino acids such as arginine, cysteine, glutamine, glutamate and ornithine, very little concentration changes occured in the growth medium during simulation. Increasing duration of dynamicFBA simulation makes the trend of concentration changes and consistency with computational results clearer for arginine and glutamine, even though concentrations of cysteine, glutamate and ornithine remained almost constant. Using enumerateOptimalSolutions function of COBRA toolbox, 1312 series of flux distributions were attained, each leading to maximum biomass production flux. Averages of exchange fluxes of cysteine and glutamate in these series were small (0.013 and 0.002 mmol/grDW/h, respectively). Thus, at least small concentration changes could be expected for these two amino acids.
Discussion
Relationship between iMSC1255 and automatically generated metabolic networks
In the present study, numbers of genes of the BMMSC network was compared to numbers of genes in three previously reported tissue-specific networks (Fig. 3) . Interestingly, we found that a large number of genes were shared by adipose, blood and bone marrow metabolic networks. The BMMSC metabolic network, on the other hand, was found to be very different. We also compared reactions of these metabolic networks. Again, iMSC1255 was found to include more reactions compared to other models, in all functional categories. This difference was found to be more significant in the case of carbohydrate metabolism and energy, which presumably shows the importance of these reactions in stem cell proliferation.Thus, iMSC1255 includes more reactions compared to the other three metabolic models. There are two possible reasons for this observation. First, numbers of expressed genes in BMMSC was more than those of adipose tissue, blood and bone marrow (see File S5). This fact was reflected from the number of metabolic genes included in the initial draft (Fig. 2) , which was greater than numbers of genes in adipose stem cell, bone marrow and blood models. Secondly, the other three networks were generated automatically, without manual addition of reactions. In contrast, a considerable number of reactions were inserted into the model (for example, in the proteome analysis), which in turn increased the size of the BMMSC metabolic network.
Model validation
For validation of the metabolic network of bacterial cells, often the maximal in silico growth rate is compared to experimentally determined optimal growth rate of the cells. This comparison is based on the assumption that the biological objective of bacterial cells is typically to grow, as fast as possible, in their highly competitive environments. For bacterial cells, it has been shown that depending on culture conditions, cells may have different objectives. For example, in certain conditions, cells may aim to maximize their population growth, while in other conditions they may achieve other objectives (for example, minimization of glucose uptake, maximization of ATP production, and more) (57) . The case must be the same for MSCs. More precisely, these cells may maximize their population growth in certain conditions, while under other conditions they may have different objectives (which might not even be fully known). This is presumably the reason for having different reported values for experimental population growth rates. Consequently, we used the maximum reported value of growth rate, which is expected to be closest to maximum possible growth rate.
There is a wide range of BMMSC cell population growth rates reported in the literature. We found many by literature survey, for example, 0. . This value is close to the value computed by FBA (0.034 h À1 ), based on the assumption that BMMSCs grow optimally. Thus, the in silico model successfully predicted growth rate of these cells. Slight differences between these values (26%) might be related to cell-to-cell and culture-to-culture variations. Alternatively, differences may be related to missing regulatory constraints in our model.
To further assess the predictive power of iMSC1255, dynamics of amino acid metabolism were modelled using dynamic FBA (Fig. 5) . Acceptable consistency between the model and experimental observations implies that, as an in silico modelling approach, dynamic FBA of iMSC1255 successfully predicted the trends of amino acid concentration changes.
For some of the amino acids, such as arginine, cysteine, glutamine, glutamate and ornithine, very little concentration changes occured in the growth medium during simulation. Increasing duration of dynamicFBA simulation makes the trend of concentration changes and consistency with computational results clearer for arginine and glutamine, even though the concentrations of cysteine, glutamate and ornithine remain almost constant. Using enumerateOptimalSolutions function of COBRA toolbox, 1312 series of flux distributions were attained, each leading to maximum biomass production flux. Averages of exchange fluxes of cysteine and glutamate in these series are small (0.013 and 0.002 mmol/ grDW/h respectively). Thus, at least small concentration changes could be expected for these two amino acids.
In conclusion, here, iMSC1255 has been presented as a metabolic network for BMMSCs. We have shown that our model is in agreement with experimental data concerning metabolism of BMMSCs; the intention is to use iMSC1255 as a platform for investigating their metabolism in silico. This model can potentially have direct biological implications, as BMMSCs are not very easily maintained in the laboratory conditions. As the first step, our goal will be to increase BMMSC growth rate (increasing biomass production flux) using the model. Rapid proliferation of stem cells is essential for their use in medicine, as it reduces the time of stem cell therapy.
Exploring metabolic changes during BMMSC differentiation is also an interesting field of study. Metabolic network models could be applied in such research to better understand mechanisms of differentiation. Furthermore, metabolic networks can be integrated with other kinds of network, such as gene regulatory networks, to increase accuracy of computational results (60) (61) (62) (63) . Altogether, we recommend that in silico modelling of BMMSCs using iMSC1255 can constitute a basis for pretesting creative ideas of cell researchers, including cell differentiation and genetic engineering, before performing time-consuming and expensive in vitro experiments.
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